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mal’s	 recorded	 movements	 is	 the	 application	 of	 hidden	Markov	 models	 (HMMs),	
which	allow	for	the	identification	of	latent	behavioral	states	in	the	movement	paths	


















ising	way	of	 adding	value	 to	 tagging	 studies	because	 inferences	 about	movement	
behavior	can	be	gained	from	a	larger	proportion	of	datasets,	making	tagging	studies	
more	relevant	to	management	and	more	cost-	effective.
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1  | INTRODUC TION
The	spatial	management	of	the	marine	world	requires	 in-	depth	 in-
formation	 about	 how	 animals	move,	when	 they	move,	 and	where	
they	move	to.	Key	to	increasing	our	understanding	of	species	space	
use,	movement	patterns,	and	how	individuals	interact	with	the	en-
vironment	 they	 inhabit	 is	 the	 rising	 deployment	 of	 small	 and	 reli-
able	data	loggers	and	transmitters	on	free-	roaming	marine	animals	






events	 (Block	 et	al.,	 2011),	 highlighted	 areas	 that	 are	 essential	 for	
species	survival	(Raymond	et	al.,	2015),	and	even	allowed	us	to	test	
the	 effectiveness	 of	 current	 conservation	 policies	 (Pittman	 et	al.,	
2014;	Scott	et	al.,	2012).
One	of	the	main	motivations	for	animal-	borne	telemetry	studies	




tems,	 as	 individual	 observations	 provide	 our	 only	 insight	 into	 the	
otherwise	 unobservable.	 Achieving	 this	 scaling	 of	 inference	 from	
individual	movement	patterns	to	population	dynamics	requires	two	
important	components.	The	first	 is	an	adequate	sample	size	 (num-
ber	 of	 individuals)	 to	 address	 the	 ecological	 question	 of	 interest	
(Hebblewhite	&	Haydon,	2010)	and	second,	a	 statistical	means	by	





conservation	 and	 spatial	 management	 (Hebblewhite	 &	 Haydon,	
2010;	 McGowan	 et	al.,	 2017;	 Nguyen	 et	al.,	 2017;	 Ogburn	 et	al.,	
2017).	Tags	can	be	expensive	(McGowan	et	al.,	2017),	are	 liable	to	
occasional	 failure	 or	 loss,	 and	 often	 result	 in	 individual	 pathways	
that	are	data-	poor	or	have	a	 low	number	of	observations.	As	a	re-
sult,	 meeting	 the	 minimum	 sample	 size	 of	 20	+		 individuals	 when	
making	 simple	 statistical	 comparisons	 between	 populations	 is	 un-
common	 (Hebblewhite	 &	Haydon,	 2010),	 with	 even	 greater	 num-
bers	needed	when	 testing	 for	 the	effects	of	age,	 sex,	 and	species	
identity	 (Lindberg	&	Walker,	2007).	 In	 the	absence	of	a	 collabora-
tive	 effort	 across	 multiple	 institutions	 (Block	 et	al.,	 2011;	 Hindell	
et	al.,	2016),	a	significant	 increase	in	funding	or	a	community-wide	
shift	to	data	sharing	(e.g.,	via	online	data	repositories	like	Movebank	
-	 Kranstauber	 et	al.,	 2011);	 it	 would	 appear	 that	 the	 most	 viable	
route	toward	robust	population-	level	inferences	is	approaches	that	
make	the	most	of	the	tagging	data	we	already	have.
Among	 the	 many	 methodological	 developments	 that	 utilize	
movement	 data	 to	 answer	 ecological	 questions,	 hidden	 Markov	
models	 (HMMs)	 and	hidden	 semi-Markov	models	 have	 taken	 cen-
ter	 stage	 (e.g.	 DeRuiter	 et	 al.,	 2016;	McKellar,	 Langrock,	Walters,	
&	Kesler,	2015;	Michelot,	Langrock,	&	Patterson,	2016;	Towner	et	
al.,	2016).	Favored	because	they	match	our	initiative	understanding	






taneously	 in	 both	 the	 frequentist	 (Langrock	 et	al.,	 2012;	McKellar	
et	al.,	 2015)	 and	 Bayesian	 statistical	 paradigms	 (Jonsen,	 2016;	
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morhua)	and	European	plaice	(Pleuronectes platessa)	in	the	North	Sea	
and	 English	Channel.	 Both	Atlantic	 cod	 and	 European	 plaice	 have	
significant	commercial	and	conservation	value	and	as	a	result	have	
been	 the	 subject	 of	 several	 long-	term	 tagging	 programs	 (Hobson,	
Righton,	Metcalfe,	&	Hays,	 2007,	2009;	Hunter,	Metcalfe,	Arnold,	
&	Reynolds,	2004;	Hunter,	Metcalfe,	O’Brien,	Arnold,	&	Reynolds,	
2004;	 Righton,	Metcalfe,	&	Connolly,	 2001).	Drawing	 on	 this,	 the	
rest	 of	 this	 paper	 considers	 a	 case	 study	 of	 107	 individual	 bivari-
ate	movement	paths,	many	of	which	(n	=	73)	have	limited	observa-
tions	and/or	lack	clear	biological	signals.	Our	findings	demonstrate	
clear	 spatiotemporal	 patterns	 in	 the	movement	behavior	of	 either	
species	 that	 are	 consistent	 with	 individual-	level	 studies	 (Hobson	




seasonal	basis,	with	clear	 consequences	 for	 fisheries	management	
and	conservation.










Each	DST	was	 programmed	 to	 record	 depth	 (m)	 at	 10-	min	 in-
tervals	 for	 the	duration	of	deployment.	The	 first	2	weeks	 and	 the	
last	day	of	every	time	series	were	excluded	to	remove	any	errone-







fish	was	 taken	 directly	 from	 the	 raw	DST	 data	 by	 calculating	 the	
absolute	difference	between	corresponding	10-	min	depth	measure-
ments	 and	 summing	 the	values	 for	 each	day	 at	 liberty.	Horizontal	
movement	(m/day),	in	comparison,	was	inferred	indirectly	from	the	
depth	data	in	a	two-	step	approach.	First,	daily	geolocation	estimates	
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Atlantic	cod	and	European	plaice	see	Hunter,	Metcalfe,	Arnold	et	al.	






seabed	 (Metcalfe,	 Hunter,	 &	 Buckley,	 2006;	 Righton	 et	al.,	 2010).	
Thus,	we	consider	a	discrete	2-	state	HMM.	We	 label	 state	one	as	
“resident”	 (R),	 representing	 periods	 of	 time	 with	 low	 movement	
rates.	We	 label	 state	 two	 as	 “migrating”	 (M),	 representing	 a	much	
more	 active	 phase	 where	 movement	 rates	 in	 the	 horizontal	 and	
vertical	dimension	are	greatly	increased.	As	in	all	attempts	to	infer	
behavior	 from	movement	observations,	 state	 labels	must	be	 inter-
preted	with	care	as	 they	provide	simplified	proxies	of	unobserved	
behavioral	modes,	not	direct	equivalents	(Patterson	et	al.,	2017).
For	a	movement	path	of	 length	T,	 it	 is	assumed	that	an	under-
lying,	nonobserved	state	sequence	S1,	…,	ST,	taking	values	in	{R,	M} 
describes	the	persistence	within	and	stochastic	switching	between	













variate	normal	density	 stated	 in	 equation	3.	We	allow	distinct	pa-








by	 integrating	over	all	possible	 state	 sequences	using	 the	 forward	
algorithm	 (Zucchini,	 MacDonald,	 &	 Langrock,	 2016).	 Framing	 the	





used	 to	 conduct	 statistical	 inference	 are	 given	 in	 Zucchini	 et	 al.	
(2016),	 for	 the	 particular	 case	 of	 animal	 movement	 modeling	 see	
Patterson	et	al.	(2017).	For	our	case	study,	we	used	the	R	optimiza-
tion	routine	optim	to	numerically	maximize	the	log	posterior	density.	
State	allocation	 is	carried	out	by	selecting	 the	most	 likely	 state	at	
each	time	point	separately.
Periods	of	relative	 inactivity	 (low	h	and	v	movement	rates)	can	












set.	 Each	 parameter	 set	 consists	 of	 12	 estimated	 parameters,	
two	 transition	probabilities	and	2	sets	of	5	parameters	describ-
ing	 the	mean	 (μj)	 and	covariance	 (Σj)	of	each	state.	A	 total	num-
ber	of	24,624	days	(Atlantic	cod	=	9290	days;	European	plaice	=	
15,334	days)	were	 considered.	 As	 expected,	 the	 resulting	 state	
sequences	 are	 predominately	 made	 up	 of	 two	 clearly	 defined	
behavioral	 modes	 –	 one	 more	 active	 and	 one	 less	 active	 (see	
Supporting	 information:	Figures	S1	and	S2	 for	example	output).	
However,	 the	 parameters	 describing	 the	 numerical	 structure	 of	
these	 modes	 showed	 great	 variation	 among	 fish,	 with	 no	 clear	
consistency.	 Moreover,	 a	 handful	 of	 movement	 paths	 failed	 to	
achieve	model	 convergence,	 as	 an	 upper	 threshold	 of	 observa-





criteria	 outlined	 in	 Supporting	 information:	 Figure	 S3,	 we	 select	
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used	to	construct	Gaussian	distributions	(Figure	2),	N (m,훿)	where	m 
and	δ	are	dimension	(h or v)	d,	state	j	and	species	specific	given	the	
selected	 sample.	 These	 informative	 distributions	 (4	 per	 species),	














differences	 between	model	 fit	 for	 one	 of	 the	 data-	poor	 movement	
paths	are	provided	(Supporting	information:	Figure	S7).
All	HMMs	were	 coded	 and	 implemented	 in	R	 (R	Development	
Core	Team,	2016;	 see	Supporting	 Information	document	2	 for	ex-
ample	code).	All	plots	were	generated	using	the	ggplot2	(Wickham,	
2009)	 and	 ggmap	 (Kahle	 &	 Wickham,	 2013)	 packages	 in	 R	 (R	





When	imposing	prior	distributions	 in	statistical	models	 it	 is	always	
important	to	test	what	 influence	those	priors	have	on	the	models’	
predictions,	 in	 our	 case	 the	 model’s	 estimated	 state	 sequences.	
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probability	prior	we	varied	the	α	and	β	values	that	characterize	the	
















To	 assess	 the	 advantages	 of	 using	 bivariate	 responses,	
we	 also	 carried	 out	 an	 analysis	 using	 a	 univariate	 obser-
vation	 model,	 considering	 only	 movements	 made	 in	 the	
horizontal	 dimension.	 The	 same	 model	 for	 transition	 prob-
abilities	 is	 used	 as	 described	 above.	 We	 apply	 this	 approach	
to	 the	 34	 fish	 (Atlantic	 cod,	 n	=	11;	 European	 plaice,	 n	=	23)	
previously	 characterized	 as	 data-	rich	 movement	 paths. 




comprise	 the	 population,	we	 used	 individual	movement	 behaviors	














5	km2	 grid	 cells	 (Maxwell	 et	al.,	 2011;	Womble	&	Gende,	 2013).	
Specified	 time	 periods	 were	 state-	dependent	 and	 based	 on	 a	
weekly	averaged	probability	of	observing	a	given	state	across	all	
individuals	exceeding	0.5.	Successive	weeks	classified	to	the	same	
behavioral	 state	were	 then	 grouped.	 In	 Atlantic	 cod	 this	meant	
locations	 that	were	 classified	 to	 a	 resident	 state	 between	 June	









riods	 of	 highly	 directed	movement	when	 in	 a	migratory	 state	 and	
periods	of	random	and	highly	localized	movements	when	in	the	less	
active	 resident	 state	 (Figure	3).	Time	spent	 in	either	 state	and	 the	









The	 majority	 of	 individual	 time	 series	 had	 observations	 that	
shifted	between	resident	and	migratory	states	(n	=	41	Atlantic	cod,	
n	=	60	 European	 plaice).	 However,	 a	 small	 number	 of	 individuals	





duration	=	56	±	21	days)	 and	 were	 released	 throughout	 the	 year	
(November–May).
3.2 | Population patterns
The	mean	probability	of	observing	a	 resident	 state	and	 the	pro-













Student’s	 t	 test,	 p	<	0.001;	migrating,	 Student’s	 t	 test,	 p	<	0.001).	 In	
the	 resident	 state,	plaice	 from	 the	Southern	North	Sea	and	German	
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Bight	moved	on	average	6.5	km/day	horizontally	and	between	20.0	and	





















Minimal	 change	 in	 the	 classification	 of	 states	 was	 found	 dur-
ing	 prior	 sensitivity	 analysis	 (Supporting	 information:	 Table	 S3).	 
Re-running	 the	HMM	with	 changes	 to	 the	 transition	 probability	








3.4 | Distribution of state dwell times
In	an	HMM,	the	length	of	time	that	an	individual	spends	in	one	state	
before	switching	to	the	other	necessarily	follows	a	geometric	distri-
bution.	Pooling	across	 individuals,	we	 find	 that	 these	distributions	
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shifts	 in	movement	behavior	 from	a	 large	 sample	 size	of	 bivariate	
movement	pathways.	We	demonstrated	where	and	when	shifts	be-
tween	 two	ecologically	meaningful	 states	are	most	 likely	 to	occur	
and	add	further	confidence	to	observations	of	seasonal	dependence	








retention	of	 all	 individual-	level	 information	 is	 favorable	because	 it	
maximized	our	sample	size	and	lends	more	information	to	our	anal-
ysis.	 Second,	 our	 approach	 ensures	 that	 state	 labels	 are	 allocated	





Studies	 that	 classify	 behavior	 based	 on	 horizontal	 and	 verti-
cal	movements	are	 rare	 (but	 see	Breed,	Bowen,	&	Leonard,	2013;	












by	 shallow	dives	 and	 short	horizontal	movements	 (DeRuiter	 et	al.,	
2016).	Future	studies	may	find	similar	observation	models	a	power-
ful	tool	for	investigating	the	dependences	of	horizontal	and	vertical	
movement	 rates	 (Carter,	 Bennett,	 Embling,	 Hosegood,	 &	 Russell,	
2016).
Our	 estimates	 of	 average	movement	 rates	 are	 consistent	with	
previous	work.	In	cod,	horizontal	movement	rates	while	in	the	migra-
tory	state	are	shown	to	be	approximately	13.5	km/day	which	is	com-









Much	 work	 has	 considered	 the	 horizontal	 and	 vertical	 move-
ments	 of	 Atlantic	 cod	 (Hobson	 et	al.,	 2007,	 2009)	 and	 European	
plaice	 (Hunter,	 Metcalfe,	 Arnold,	 et	al.,	 2004;	 Hunter,	 Metcalfe,	
O’Brien,	 Arnold,	 and	 Reynolds,	 2004),	 noting	 strong	 seasonal	 de-
pendence	in	the	movement	patterns	of	individual	fish.	Here	we	add	






support	 the	hypothesis	 that	both	species	spend	their	summer	 in	a	
sedentary	state	with	minimal	activity	 levels	 (Metcalfe	et	al.,	2006;	
Righton	et	al.,	2010).	Movement	rates	then	ramp	up	during	the	win-
ter	 and	 early	 spring	 (October–March	 in	 plaice;	 December–May	 in	
cod),	 resulting	 in	 a	 collective	 shift	 in	 state.	As	 in	 previous	 studies	
(Hobson	et	al.,	2007;	Hunter	et	al.,	2004b),	we	interpret	this	shift	to	
be	reflective	of	prespawning	migrations,	the	onset	of	spawning	and	
subsequent	 postspawning	 migrations.	 One	 limitation	 of	 the	 two-	
state	model	considered	here	is	that	we	cannot	directly	infer	foraging	















Over	 the	 last	 70	years,	 landings	 data	 for	 the	 North	 Sea	 and	
English	Channel	demonstrate	that	catch	per	unit	effort	 (CPUE)	for	
demersal	 species	 is	 higher	 during	 the	 summer	 months	 (Righton,	
Townhill,	&	Van	Der	Kooij,	2009).	Such	 increases	 in	CPUE	are	un-
doubtedly	 linked	 to	 changes	 in	 the	 populations’	 underlying	move-
ment	behavior,	as	time	spent	on	the	seabed	results	in	an	increased	












sures,	 as	 strategies	 typically	 involve	 gear	 restrictions	 (Moustakas,	
Silvert,	&	Dimitromanolakis,	2006)	aimed	at	limiting	the	exploitation	
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of	 certain	 species/life	 stages	 and	 spatial	 fisheries	 closures	 aimed	




individual	 variation.	 Currently	 we	 assume	 that	 by	 analyzing	 the	




distributions	 and	 make	 no	 attempt	 to	 explain	 any	 deviance	 away	
from	this	“expected”	process.	One	way	to	improve	our	approach	and	










of	 these	 factors	 is	 beyond	 the	 scope	 of	 this	 paper.	 However,	 we	




Technological	 advancements	 in	 telemetry	 devices	 have	 led	 to	
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